Abstract
data, and numerous use cases, plant phenology is well suited to serve as an exemplar for 51 near-term ecological forecasting.
52
For decision making purposes, the most informative plant phenology forecasts will 53 predict the response of large numbers of species and phenophases, over large spatial Specifically, because phenology is sensitive to local climate conditions, phenology 70 modeling and prediction should be done at high resolutions (Cook et al. 2010 Automation, the tools and approaches used to automatically update the predictions 100 using the newest data on a regular basis. We start by describing our approach to 101 modeling phenology and then describe our approach to each of these stages. were not well represented in the USA-NPN dataset (Table S1 ; Janet S. Prevéy, 
124
For each species and phenophase we fit an ensemble of four models using daily mean 
146
In our pipeline 190 unique phenological models (one for each species and phenophase 147 combination, see Table S1 ) needed to be individually parameterized, evaluated, and 148 stored for future use. To consolidate all these requirements we built a dedicated 149 software package written in Python, pyPhenology, to build, save, and load models, and 150 also apply them to gridded climate datasets (Taylor 2018 ). The package also integrates 151 the phenological model ensemble so that the four sub-models can be treated seamlessly confidence interval stretches over several months. Therefore we also display a map of 234 uncertainty quantified as the 95% prediction interval, the range of days within which the 235 phenology event is expected to fall 95% of the time ( Figure 2C ). Finally, to provide 236 context to the current years predictions, we also map the predicted anomaly ( Figure 2B ).
237
The anomaly is the difference between the predicted date and the long term, spatially 238 corrected average date of the phenological event (Figure 1, O; see Supplement).
239

Automation
240
All of the steps in this pipeline, other than phenology and downscaling model fitting, are 241 automatically run every 4 days. To do this we use a cron job running on a local server. We created an automated plant phenology forecasting system that makes forecasts for 296 78 species and 4 different phenophases across the entire contiguous United States.
297
Forecasts are updated every four days with the most recent climate observations and 298 forecasts, converted to static maps, and uploaded to a website for dissemination. We used only open source software and data formats, and free publicly available data.
300
While a more comprehensive evaluation of forecast performance is outside the scope of 301 this paper, we note that the majority of forecasts provide realistic phenology estimates was developed for the current system, but is generalized for use in any phenological 327 modelling study (Taylor 2018 ). We also found it useful to use different languages for 
347
The initial development of this system has highlighted several potential areas for 
379
For example, if a species is leafing out sooner than expected in one area it is likely that 380 it will also leaf out sooner than expected in nearby regions. This type of data 381 assimilation is important for making accurate forecasts in other disciplines including and stable, consistently updated, and easy to understand dissemination of forecasts. By 405 discussing how we addressed these challenges, and making our code publicly available, 406 we hope to provide guidance for others developing ecological forecasting systems. 
